ommodity prices are known to be very difficult to predict (Adams, 2003) . Early studies in this area assumed that they followed a 'random walk' described by Brownian motion, and this stochastic behavior plays a central role in the models for valuing their contingent claims and in methods for evaluating investments for their generation (Brennan and Schwartz, 1985; Schwartz, 1997, Schwartz and Smith, 2000) . A commodity is a fixed physical substance that investors buy or sell, usually via future contracts at the Commodities Exchange Center (CEC). A commodity future contract is a commitment or agreement to buy or sell a specified quantity of a commodity at a specified price in a stipulated future date. The original goal of the future commodity market was to guarantee producers the price of goods or raw material used in production; that is, to act as a hedge for price volatility. However, it became also a scenario for speculators with the aim to capitalize on the volatility of the contracts themselves. These two quite different kinds of participants, hedgers and speculators, make it difficult to predict market behavior.
Yet, different kinds of price analysis, especially those based on methods originally developed by physicists or physical-chemists (Georgescu-Roegen, 1971; Ruelle, 1991; Ruth, 1993; Macrakis, 1997) use new insights to perform the analysis. More recently, the study of economic phenomena by means of tools borrowed from physics is called "Econophysics" (Mantegna and Stanley, 2000) . The studies have shown that time series of financial markets contain complex structures that eventually might reveal fundamental characteristics of the markets. For example, Gabaix et al. (2003) , starting from an empirical characterization of the size distribution of large market participants (mutual funds), showed that a power law, observed in financial data, arises when the trading behavior is performed in an optimal way. This search for some fundamentals might be particularly relevant for less developed countries, which 0378-1844/04/06/320-04 $ 3. 00/0 are dependent on exports, and especially pertinent for the implications on output and business cycles, in which oil has shown to be a sensitive commodity during the last century. Oil markets are constantly adapting to ever changing environmental, social, economic and political factors (Fama, 1987) and have several properties that characterize complex systems (Sugerman and Sabelli, 2002; Sabelli, 2003) . Economic analysts recognize that changes affecting the oil market in the future may destabilize it, eventually causing wild fluctuations in prices. Yet, in the past, oil markets have suffered from quite severe disturbances, and despite these challenges, oil markets have proved surprisingly resilient, so that oil prices have been maintained between limits that differ in less than a single order of magnitude. The question we might ask is if there exist underlying mechanisms or properties of the market that provide it with some structure, giving it such resilience. With this in mind, historic data for oil is studied, using a set of statistical and dynamic methods, including a number of new measures and techniques.
Results

Statistical analysis of the oil market behavior
Both the time series behavior for the oil price index and the oil volume of Brent crude show clear increasing trends with irregular fluctuations as presented in Figure 1 .
The data for each variable is depicted in Figure 2 by using a relative frequency distribution. The histogram for the oil price index shows an irregular (plurimodal) distribution with four distinct modes, but all of them showed normality. The histogram for traded volume shows an extremely positive asymmetric unimodal distribution.
The Pareto chart, a specialized version of a histogram that ranks the categories from most frequent to least frequent, presented in Figure 3 , shows that price index distributions are rather more concave, whereas those for volume are more convex, especially for the least frequent values at the right hand of the plots.
Bivariate Outcome
To depict bivariate data (correlations between prices and volume) a scatter diagram ( 
Methods
Data from the International Petroleum Exchange (IPE) of London was used: the IPE Brent Oil Index (OI) which is the daily average for the 15 days futures price of Brent crude oil, and the volume of Brent crude oil exchanged every day (IPE, 1988 (IPE, -2002 . Data series were from Jun 1988 to Sept 2002. Time series of data were analyzed using the MatLab 6.5 program and an analysis software suite termed the Chaos Data Analyser (Sprott and Rowlands, 2003) .
gesting the existence of temporal attractors or stationary states in the diagram.
Oscillations
When using tools for dynamic analysis, more interesting features of the time series were revealed. The consecutive differences in price and volumes are presented in Figure 5 , showing the volatility of the series. The volume shows much faster oscillations than the price, and a clear increasing trend. Variability is more irregular for price.
Difference frequency distributions
The relative frequency distribution of differences between consecutive terms (Figure 6) shows that data for volume approach normality, but not that for prices. In both cases, the series show leptokurtosis, being the kurtosis greater for index price (k= 8.314565) than for volume (k= 7.752214).
Pareto dynamics
A Pareto representation for both series of consecutive differences (Figure 7) shows that the differences are markedly asymmetric.
Return map or phase portrait
The return maps for oil price and volume that plot each term of the time series vs. its consecutive previous difference (X t vs. X t -X t-1 ) show a pattern that again differs between price and volume (Figure 8 ).
The Hurst exponent
Calculations for the Hurst exponent (Peters, 1996) resulted in an H value for the price index of 0.333, and for volume of 0.075. As Hurst exponents are different from 0.5, observations in price and volume time series are not independent, and both observations carry memory. As both are <0.5, the systems are antipersistent, or time series are ergodic or 'mean reverting'. That is, if the system was down the last period, in the next it is more likely to be up. As volumes traded have a Hurst exponent closer to 0, the volatility of this series is much higher than the one found in a random Brownian motion, because it would consist of frequent reversals. At larger time scales, the Hurst exponent tends to be more Brownian and in both cases 'memory is 
Conclusions
The results show that the oil market can be analyzed with tools borrowed from the physical sciences. The main findings from this exercise may be summarized in three distinct fundamental conclusions:
1-The variability and dynamics of the price index differs from that of the volume of oil exchanged. The average price index increases in time, whereas the average volatility of oil volumes exchanged increases in time. This can be clearly seen in Figures 1, 5 and 8. Thus, prices and volumes seem to be perceived psychologically differently by traders and, thus, their dynamics follow different rules. Increased volume volatility in more recent times might indicate an increased participation of more distinct traders, or the increased dominance of a few traders in the market. The increase in the average oil price future index might just reflect the inflation of the 2-Changes in prices are asymmetric in time. Large increases in oil prices are less likely to occur than large drops in the oil price index. This asymmetry can be clearly seen in Figures 6. This is an additional feature that differentiates prices from volumes. As shown in Figures  3 and 7 , volumes traded do not show the skewedness and asymmetry of prices. This result shows that the risk assessment for oil traders is asymmetric respect to prices. This asymmetry might be explained by known features of our bounded economic rationality, such as an excess fear to losses (Kahneman and Tversky, 1979; Shefrin and Statman, 1985; Kahneman, 1994 ). An alternative explanation to this asymmetry is that it might arise from the fact that sellers are more likely to panic or have more constraints than buyers, making it more likely for large drops in prices to appear in the time series than large increases in prices.
3-Values of the price index cluster in time, showing the existence of specific historic phases in oil price index. Such historic phases could not be seen in data from oil volumes exchanged. This clustering of time-phases is evidenced in Figures 2, 4 and 8. They suggest that the oil market somehow reaches steady states (i.e. temporal unstable "equilibria" as defined by Nicolis and Prigogine, 1977) which are disrupted from time to time, probably by external factors. However, it is surprising and highly significant in economic terms that such steady states exist and that they are maintained during significant periods of time.
